ABSTRACT Cells automatic tracking in microscopy image sequences is an important task in many biomedical applications, especially for the analysis of anticancer drugs. However, it is still a challenging problem due to the high density, variable shape, lack of effective feature information, and occlusion of the cells by division or fusion. In this paper, the aim is to develop a fully automatic and effective method to track hundreds of cells, and a multi-feature fusion re-tracking algorithm is proposed based on the trackingby-detection scheme. First, a region proposal method based on faster R-CNN is presented to generate cell candidate proposals. Then, a cell tracking method is proposed by fusing the bounding box and feature vector of cell candidates based on the abovementioned results. Finally, a re-tracking algorithm is employed by integrating historical information of matching frame. A series of experiments is conducted to test and verify the validity on the datasets from ISBI Cell Tracking Challenge, and then, the proposed method is applied to the T24 dataset of bladder cancer cells from the Cancer Cell Institute, University of Cambridge. The experimental results are encouraging and show that the proposed method is competitive with other stateof-the-art methods, which means that there are probably potential applications in the field of biomedical engineering.
I. INTRODUCTION
In clinical medicine, considering the fact that tumor tissues are heterogeneous, patients with different tumors have different responses to anticancer drugs due to the various genetic backgrounds [1] . However, the same chemotherapy regimen is fixedly used for many different patients owing to the empirical use of anti-cancer drugs in clinical treatment, and the individual differences are usually neglected and thus there is blindness, so that the overall effect is not very good. In recent years, the anti-tumor drug sensitivity tests for individualized treatment of cancer patients have been developed rapidly. Medical staffs can know the inhibitory effects of drugs on tumor cell proliferation by observing and tracking the proliferation of tumor cells in different Petri dishes. Especially, accurate tracking can not only help to diagnose cancer by analyzing the cell motion and division, but also quantitatively analyze the changes induced by the anti-cancer drugs to cell motion and morphology. Then the individualized treatment schemes are made by screening the anticancer drugs and selecting a suitable dosage according to different individuals. In this way, it can reduce side effects of drugs and prevent multidrug resistance. Besides, it is also a critical procedure to observe and track the ongoing biological processes of cells in the basic research of biomedical engineering. For example, researchers often analyze cellular dynamics by tracking the proliferation of cells in the phase contrast microscopy cell based-experiments.
However, such works are mostly completed manually or semi-automatically under the phase-contrast microscopy, and it will cause a sharp increase in the tracking error. Part of the reasons can be briefly stated as follows. (i) Living cells can be examined in their natural state without previously being killed, fixed, and stained in phase contrast microscopy images, thus the dynamics of ongoing biological processes can be observed, recorded and tracked in high contrast with sharp clarity of minute specimen detail. But the phase contrast imaging has some disadvantages in imaging quality, such as grayscale images, poor qualities, and big similarities between background and foreground. Thus, these characteristics make it very difficult for the observers to track accurately. (ii) The tracking of cell migration needs to observe continuously a live organism or living cells in phase contrast microscopy images. However, a long-time continuous work will cause the observer fatigue, and make the procedure extremely timeconsuming. As a result, the tracking error rises rapidly. Especially for hundreds or thousands of cells in the video frames, manual or semiautomatic processing of cells is very hardly ever possible. Therefore, automated cell tracking algorithms are urgently needed in the field of biomedical engineering.
In recent years, some automated cell tracking methods have been proposed and have obtained some good tracking effects on specific cell image sequences [2] - [5] , and each method has its own advantages and also limitations in their respective fields. The tracking problem of cells is not yet solved due to the large challenges, such as poor staining, variable fluorescence in cells, low contrast, high cell density, deformable cell shapes, low inter-cellular shape and appearance variation [6] . What's more, most methods require to segment a sequence-specific image in advance, and then need to manually tuning and optimize many tracking parameters, which greatly limits their applicability and dissemination.
With the widely use of deep learning [7] , some tracking algorithms of deep learning-based have been proposed in the past few years [8] - [11] , and they can obtain better results than traditional methods of cell tracking. Effective detection or segmentation, which aims at generating cell proposals, is critical for accurate cell tracking because the tracking accuracy depends very heavily on the precision of detection or segmentation. Owing to the extremely complex characteristics of cells, it is very difficult to obtain a satisfying detection or segmentation result, and there are still many challenging problems to be solved. In this work, the aim is to develop a fully automatic cells tracking method, and a new tracking-by-detection [12] method is proposed based on multi-feature fusion, and the proposed algorithm can achieve better tracking performance than the existing cell tracking methods [13] - [15] on multiple fluorescence and phase contrast microscopy datasets from ISBI cell tracking challenge [11] . Our main contributions are listed. (i) Multiple features between convolution features of Faster R-CNN and traditional features are fused to improve the representative of the target feature description. (ii) Cells are matched based on multiple features to improve the timeliness of the algorithm. (iii) Undetected cells are re-matched by using the historical message from matching frame to improve the tracking accuracy.
The rest of the paper is organized as follows: Section II describes the related work on cell proposals and cell tracking. Section III, the cell proposals generation method is introduced. In Section IV and V, the initial tracking method and the corresponding tracking optimization are presented, respectively. Experiments and discussions are given in Section VI, and Section VII concludes this work.
II. RELEATED WORK A. CELL PROPOSALS
The basis of the tracking-by-detection is to obtain a good detection result, which depends on the quality of the generated cell proposals. As a result, many methods are used to generate proposals and these methods can be grouped into three main categories: (i) grouping super-pixels represented by Selective Search (SS) [16] , (ii) sliding windows as exemplified by Edge Boxes (EB) [17] , and (iii) deep learning [18] such as region proposal network (RPN) [19] .
SS [16] can generate 1∼3k proposals in the one image by adopting the image segmentation method, and then a Hierarchical Grouping algorithm is employed to obtain the bounding box (bbox) of each proposal, and finally the accurate detection results can be achieved by using diversification strategies with color, texture, size, etc. Compared with the traditional exhaustive search methods, in which the entire image is searched or a dynamic window is used to search, SS has many advantages, such as high accuracy, fast computing and simple operation.
EB [17] is a new method for generating proposals with high accuracy. The corresponding process is given as follows. Firstly, edge information is used to determine the number of object contours inside a bbox and the number of overlap with the edge of a bbox, respectively. Then these bboxes are evaluated with scores, and sorted by scoring. Finally, the information of proposals, such as size, aspect ratio, and position, are determined according to the obtained score, and the higher score, the more effective proposal.
RPN [19] is a deep learning-based method. In this method, an image is the input, then a series of object proposals with object scores are outputs, and the corresponding object scores indicate whether the predicted box contains an object. The main idea of RPN is to generate candidates by directly using Convolutional Neural Network (CNNs), thus the qualities of the obtained proposals are higher than those by using traditional methods. Moreover, RPN is in essence to run spatially a sliding window on the feature map of last convolution layer. For each sliding window, a set of 9 anchors with various scales and aspect ratios are generated, and for each of these anchors, an overlap value with the ground-truth bboxes is computed. Furthermore, the mechanism of bbox regression is a linear regression algorithm, and it is to refine the candidate bbox of proposals more consistent with ground truth bbox. Owing to its excellent performance, the RPN method is adopted in this work.
B. CELL TRACKING
Over the last decades, many tracking methods have been proposed in various areas. Especially since the introduction of correlation filters and deep learning in the object tracking VOLUME 6, 2018 field, some new related tracking algorithms, instead of traditional methods, have aroused increasing interests owing to the high accuracy, speed and robustness. Currently, these methods can be roughly divided into two mainstreams: Correlation Filter-based Tracking (CFT) and CNN-based Tracking.
1) CORRELATION FILTER-BASED TRACKING
Bolme et al. [20] first proposed the MOSSE, and it is a tracking method based on Correlation Filter (CF) in 2010. The essence of CF is to learn a filter and to get the relevant message map by using the filter to convolve with the image, and then the point with maximum in the map is the position of the object. This kind of tracking algorithms has been widely applied owing to the superiority of high speed especially in recent years. For instance, Henriques et al. [21] proposed KCF with simplicity, high speed and good tracking result, which outperforms the top-ranking trackers such as Struck [22] or TLD [23] on a 50 videos benchmark in 2015. Ma et al. [24] presented LCT by decomposing the tracking problem into translation, scale estimation and re-detection. And LCT was designed to solve the problem of tracking error due to the appearance change of the target in the process of target tracking. Based on MOSSE, Danelljan et al. [25] proposed DSST by adding scale space filter and it outperforms other trackers [21] - [23] in VOT 2014.
Although the Correlation Filter-based tracking algorithms are simple and have a high-speed, it is still difficult for these algorithms to effectively handle partial occlusion or non-rigid multiple targets. Besides, more and more Correlation Filterbased tracking algorithms are designed to improve tracking accuracy at the expense of their characteristic speed, such as C-COT [26] .
2) CNN-BASED TRACKING
With the wide application of CNN in classification, segmentation and detection, CNN is also introduced to solve tracking problems. For example, DSST was surpassed by the CNN-based MDNet [27] in VOT 2015, and it shows the immense potential of CNN-based in the tracking problems. Based on C-COT algorithm. Danelljan et al. [28] designed ECO mainly to solve the speed drop problem by combining convolution features at different resolutions. Currently, most CNN-based tracking algorithms belong to the discriminative model (also called as tracking-by-detection).
In most tracking-by-detection algorithms, discriminative features can be extracted from the object firstly, and then machine learning methods such as SVM [29] are used to identify the most similar region to the object. Compared with the Correlation Filter-based tracking methods, the tracking-bydetection methods can train a classifier through background information, and the obtained classifier is mainly used to concentrate on distinguishing the foreground and background, and it can search the optimal region proposals.
Whereas the datasets used in this work are cells, and a cell is a non-rigid object with variable shape and occlusion. Considering the fact that a cell has a special changeable and irregular shape, and there is not enough data in these datasets to train an accurate geometric model, thus it is not suitable to adopt the Correlation Filter-based tracking method in this work. By comparison, tracking-by-detection is a more prevalent approach in the area of cell tracking. For example, in ISBI 2015 Cell Tracking Challenge [11] , tracking-by-detection methods have been widely used owing to the simplicity, easy implementation, good robustness and high accuracy. In general, the methods are implemented in two stages as follows. (i) Firstly, cells are detected or segmented, and then some features are extracted to characterize the shape or appearance of each detected cell. (ii) Secondly, the detected cells are correlated and matched by marking unique ID for each target frame by frame. The previous tracking-by-detection methods depend heavily on the detection result of the first stage, and thus these methods fail to correct some detection errors in the tracking stage. Recently, some new tracking-bydetection methods are proposed by utilizing some temporal contexts [13] , [15] , [30] during the tracking stage, and they can achieve some good performance for the tracking of a few of cells. However, the computational time increases exponentially as the number of cells increases in these methods, and they are not suitable for the high density of cells. Therefore, there are still many challenges to be solved in the field of cell tracking.
III. CELL PROPOSALS
In this work, a Faster R-CNN [19] method is adopted based on VGG16 model, and it can reduce training parameters significantly by sharing convolution layer between RPN and Fast R-CNN [31] . The corresponding network framework is illustrated in the Fig. 1 . Considering that all the cell datasets have small sample size, some data augment methods, such as flip, are employed before training. Based on different network models, such as resnet50 [32] , vgg16 [33] and vgg16_atrous [34] , the obtained detection results are shown in the Table 1 .
In the framework, VGG16 contains five convolutional (conv) layers, thereinto the first four conv layers can extract four feature maps from different depths, and thus it can ensure that the network can obtain both low level information and high level coarse information to enhance feature presentation. As shown in Fig. 1 , the 512-d feature map of conv5 (7 * 7 * 512) from VGG16 is sent into RPN firstly, and then is trained to extract cell proposals. Significantly, anchor [14] is a key part of RPN, and it has 3 scales (128 * 128, 256 * 256, 512 * 512) and 3 ratios (1:1, 1:2, 2:1). Significantly, the cell size from datasets in this work is different from the object size from pascal_voc datasets, thus we limit the size of the positive anchors to a certain degree to solve the occlusion problem by fine-tuning the parameters of anchor scales, so that it can contain as many valid cell proposals as possible. The essence of anchor is the reverse operation of the spatial pyramid pooling (SPP) [35] , and each anchor can map the output of the same size to the receptive fields of different sizes in the original image, thus it can ensure RPN translation-invariant. The framework of the proposed method is illustrated. In the detection phase, VGG16 is adopted in the CNN network, and the obtained feature map conv5-3 is sent to RPN, in which N bboxes with a probability are proposed, and the probability indicates how likely it belongs to be an actual cell. The proposed bboxes are selected by NMS and IoU. In the tracking phase, the features of fv and bbox are extracted from fc6 layer and reg layer, respectively. Subsequently, two fully connected layers score and bbox are designed to score for these bboxes and predict cell candidate bboxes, respectively. And the corresponding parameter of a bbox is given as (x, y, w, h), where (x, y) is the central coordinates of a cell candidate bbox, w and h are the width and the height of a candidate bbox, respectively. After RPN processing, a series of dense cell proposals for one cell can be generated, and the NMS (Non-Maxima Suppression) [36] and IoU (intersection over union) [37] are adopted to remove bboxes outside the bound and redundant bboxes. Then the first 300 cell proposals with high scores are sent to Fast R-CNN [31] to process. In Fast R-CNN, the ROI (region of interest) pooling [19] layer is actually a condensed version of SPP net, and it can deal with inputs of any size. And the inputs of ROI are from the feature map of conv5-3 and the proposals generated by RPN. In this work, the region proposal (7 * 7) is transformed into a feature vector (7 * 7 * 512) with a fixed size of a region proposal by adaptively maxpooling [38] , and the feature vector is sent to the next fully connected (fc) layer to classify. And then, a fully connected VOLUME 6, 2018 (fc) layer for classification (cls) can identify whether the proposal contains an actual cell by using softmax [14] , and a fc layer for regression (reg) can achieve fine-tuning for bboxes by using bbox regression [19] . Finally a threshold score (0.8) is designed to screen the final bboxes. The multitask loss function is defined to train this network as follows.
where Ncls and Nreg are the normalization of cls layer andreg layer, respectively. λ is a weight coefficient and is usually 10, and the hyper-parameters of detection used in this work are the same as Faster R-CNN. pi * is the label of ground truth and is defined as:
where Lcls is the loss function of classification, defined as:
where Lreg is the loss function of bbox regression, defined as:
where R is the L1-loss of smooth, defined as:
where ti * is the bbox of ground truth andti is the bbox of cell proposal, defined as:
As shown in Table 1 , the same parameters are used when training faster R-CNN network based on three models. Compared with the other two models, the resnet50-based method is not satisfying for the detection results of U373 datasets, and it may be partly due to the fact that the resnet50 is so deep that it is easy to appear overfitting when the dataset has small sample size. Atrous convolution is proposed by inserting the holes into a normal convolution map to augment receptive fields, and by adding a hyper-parameter (i.e., the dilation rate) to represent the interval number between kernels. However, the hyper-parameter damages the information continuity, and it is significant for the task of pixel-level dense prediction. Considering that the pixel-level is precisely the key feature of cells, the detection results in vgg16_atrous are not particularly outstanding compared with vgg16. Therefore, VGG16 model is adopted to pre-training the weights of network in this work.
IV. INITIAL TRACKING
In this section, a multi-feature fusion tracking algorithm (MFFT) is proposed to achieve the initial tracking of cells.
A. CELL PROPOSALS
It is basis of accurate tracking to extract effective features to represent the target. Owing to the changeable and irregular shape, only grayscale features, and weak texture information, it is very difficult for traditional methods to represent a cell's information. However, the deep convolution features are highly abstract for all kinds of features such as colors, textures, points, edges and objects, and they can represent better comprehensive features of cells than traditional features. Therefore, an 1 * 4096 feature vector (fv) is extracted from the fc6 layer as an important part of multi-feature descriptors. Besides, considering that the inter frame gap in the datasets is usually several minutes for observing cells, and the movement information of each cell is critical for cells tracking, so the obtained coordinate of each bbox fromreg layer is selected as another essential part of multi-feature descriptors.
B. CELL CLASSIFICATION
When the local information is extracted, there are no obvious changes for most frame-to-frame cells owing to the slow movement of cells. To improve the tracking efficiency, the tracked cells are divided into two categories: lazy cells and active cells. The central coordinate is selected as the central feature of the proposal. According to the central feature, the velocity of proposal from frame i to frame i+1 is defined as:
where i and i+1 is the i th frame and i+1 th frame, respectively. j is the j th target on the frame. x and y are the x-coordinate and y-coordinate of the center point, respectively. After the velocity of each target is obtained on the i th frame, the mean velocitymeanV of all targets on the i th frame is defined as:
where n is the total number of detection on the i th frame. Then the cells are classified into lazy cells and active cells according to the following rules:
C. LAZY CELL MATCHING
According to the aforementioned cell categories, cells are matched with lazy cells or active cells. Whereas the morphologic change of a lazy cell is relatively small between sequential frames, the nearest rule [39] is adopted to match object by finding the minimum Euclidean distance [40] between cells given as:
where dist (i;j−>k) is the Euclidean distance between the j th proposal on the i th detected frame and the k th ID proposal on the i th matching frame, d and m are detected and matching frame, respectively. x and y are the x-coordinate and ycoordinate of the proposal, respectively. k is the ID of m, and then the update rule of matching frames is given as follows.
i > 1 and k match j m i−1,k i > 1 and k not match j (11) where d i,j is the j th detected proposal on the i th detected frame, m i,k is the k th matching ID on the i th matching frame. Firstly, the matching frame with bboxes of all proposals is initialized on the first detected frame, and then the Euclidean distance is calculated according to (10) [41] that global context information is integrated into tracking, we save the historical information by the update rule (i.e., (11)). Historical information includes the motion information such as moving, appearing, disappearing, and being undetected, and it can also be selected as the re-matching criteria.
D. ACTIVE CELL MATCHING
Considering that the emotion of active cells is frequent, only the tracking by searching the minimum Euclidean distance with the central feature is not very accurate. In this work, the conv feature and the central feature are combined, herein the conv feature with 4096d is the fv extracted from fc. The Euclidean distance of bbox is calculated by (10) , and the cosine distance [42] of fv is defined in (12) , both the distances are weighted sum as difference. Then the matching method is to minimize the difference. 
where cos i,m;j−>k is the cosine distance between the j th proposal on the i th detected frame and the k th ID on matching frame, where x i,j;K is the j th 4096d fv on the i th detected frame and K is the K th value of fv, where x m,k;K is the k th transposition of fv on thei-1 th matching frame. In terms of cosine distance, the more similar the targets, the bigger the cosine distance. The matching goal is to find the maximize cosine distance between cells, thus the expression (1-cos) is adopted to unify evaluation standard, and then the difference is defined as:
where λ is an adjustable weight between Euclidean distance and cosine distance. Based on the experimental results, the weight coefficient λ is adjusted to obtain good tracking results, and the matching goal is to minimize diff.
V. TRACKING OPTIMIZATION
After processed by the proposed MFFT, we can achieve the initial cell tracking, but there are still some tracking errors caused by detection errors just like tracking methods [11] , [15] , [30] . In this work, although these proposals are restricted with NMS, IoU and score threshold in Faster R-CNN algorithm, detection error is not avoidable. Based on the tracking-by-detection method, the tracking result depends heavily on the detection results and there are still some false negatives (FN) and false positives (FP) errors in the tracking stage. In this case, there are two solutions to improve the tracking accuracy. (i) One way is to improve the detection accuracy, and (ii) another way is to optimize the tracking algorithm. In this work, the second approach is adopted to improve the tracking accuracy.
During the tracking process, supposing that there exists a false negative on the f i frame, there will not be an ID to be matched in the proposed MFFT. Therefore, a multifeature fusion re-tracking algorithm (MFFRT) is proposed by using two rematch algorithms to deal with the cases of FN and FP, the proposed rematch algorithms are illustrated in Algorithm 1 and 2.
A. REMATCHING OF FALSE NEGATIVES (RFN)
RFN algorithm is based on the update rule (11) . Considering that the update rule can ensure the historical information to be saved on the matching frame, we can employ the historical information to analyze the reason for the disappearance of ID on the current frame, and it can rematch the undetected cells caused by the partial occlusion.
The RFN algorithm is illustrated in detail in Algorithm 1, herein we use the set of ID from the m i−1 matching frame to search the nomatched ID, and the m i−1 matching frame contains the temporal information of cells detected on the previous frames. Then the region of k th ID's coordinate on the m i is cropped and called match, and the region of same coordinate of match on di is cropped and called as nomatch. Finally, the Bhattacharyya coefficient (BC) [43] method is used to evaluate the similarity of two histograms, and the formula is given as follows. (14) where i represents the i th pixel value within the region, histmatch and histnomatch are the histogram of matchand nomatch,respectively. ρ is the similarity between histmatch and histnomatch within a range of 0-1. In this work, we assume the nomatch is an effective region when ρ is greater than 0.8, and the optimal threshold 0.8 is obtained by trial and error.
Noted that when using BC to evaluate the similarity of two histograms, the accuracy of SEG is reduced slightly, whereas the tracking accuracy (TRA) is improved sharply by using MFFRT, and the results are shown in the Table 3 . The possible reason is that the actual cell position on the current frame is always somewhat at variance with that on the historical frame, but the overall tracking accuracy is improved.
B. REMATCHING OF FALSE POSITIVES (RFP)
Owing to the duplicate detection, there are several bboxes on the same region. In that case, each of these bboxes can match the respective ID by initial tracking. RFP algorithm can ensure that a region matches with only one ID.
The RFP algorithm is illustrated in detail in Algorithm 2, where the duplicate bboxes with the matched ID can be eliminated by using IoU constraint in line 6, and the number of FP can be reduced greatly by adopting the RFP algorithm.
Significantly, compared with MFFT, the number of FP is on the increase after RFP owing to the low contrast between foreground and background. Even though the threshold of ρ is equal to 0.8, the RFP algorithm fails to deal with that case when the foreground is too similar to background completely. But the number of FP of MFFRT is less than other tracking methods in general.
VI. EXPERIMENTS AND DISCUSSIONS

A. EXPERIMENTS
The proposed method is firstly tested on a series of benchmark datasets from ISBI 2015 Cell Tracking Challenge [11] , such as fluorescence microscopy datasets, Fluo-N2DH-GOTW1 (2 training sequences, 2 challenge sequences), and PhC-C2DH-U373 (2 training sequences, 2 challenge sequences). Considering the fact that the ground truth of datasets is not publicly available, the cell bboxes are manually labeled by using ImageJ tool [44] . The training frames are used for parameter learning of Faster R-CNN, and the challenge frames is used not only for examining the detection performance but also for testing the tracking performance. Then the proposed method is applied to T24 phase contrast microscopy datasets, which is provided by Cancer Cell Institute, University of Cambridge. And the characteristics of these datasets are illustrated in Table 2 .
A series of detection experiments are conducted on a desktop computer with an E3-1230 v5 3.40GHz 8-core processor, and with a GeForce GTX 1070 graphics card. A GPU implementation accelerates the forward propagation and back propagation routines under the caffe framework. The tracking experiments are performed on Matlab (version 2016b), and running on a laptop computer with Intel core i7-2600, 3.40 GHz processor, operation system Window 10.
For comparison, some criteria are adopted in order to analyze the experimental results of detection and tracking quantitatively. For instance, precision (P), recall (R), AP (average precision) and F1-Score (F1 = 2· P·R P+R ) are used to evaluate the detection performance, whereas TRA, SEG (Jaccard similarity index), AOGM [11] , FN (false negatives), FP (false positive), and NS (under-segmentations) are utilized to evaluate the tracking performance. Significantly, TRA is a novel cell tracking accuracy measurement, and SEG [11] is a segmentation accuracy measurement to be used to understand how well the segmented cells match the actual cell regions.
B. RESULTS
The performance of MFFT/MFFRT is evaluated compared with the state-of-the-art methods. The trackers used for comparison are: KTH [2] , KTH-14 [3] , KTH-12 [4] , NFP [5] , EPFL [6] , PSL [45] , BLOB [14] , CPN [6] , SPL-P [46] , SPL [46] , U-Net [47] and GC-ME [48] . The experiments results are summarized in Table 3 and Fig. 2. 
1) GOTW1 DATASET
The challenging GoTW1 dataset contains 2 training sequences and 2 test sequences that are provide by the ISBI Cell Tracking Challenge. As shown in Table 2 , challenging issues of GoTW1 are high density and low contrast. The proposed method on this dataset is compared with ten stateof-the-art methods.
In KTH [2] and KTH-12 [4] , Viterbi algorithm is used to reconstruct a cells tracker. KTH-14 [3] is a new version of [2] to achieve better results. It should be noted that all methods of KTH need to tune a lot of parameters to achieve the globally optimal solution by maximizing the score function of each cell tracker. But the proposed MFFRT requires only few parameters to be tuned both in detection and tracking stage. Table 3 shows that our method is competitive with KTH, partly because the greedy scheme used in KTH fails to TABLE 3. The indexes of detection and tracking are shown as below. Precision, Recall, F1 and AP are used to evaluate different detection performances, and tracking (TRA) and segmentation (SEG) are used to evaluate the tracking performance. There are comparative methods, such as our method (MFFT, MFFRT), KTH [2] , KTH-14 [3] , KTH-12 [4] , NFP [5] , EPFL [5] , PSL [45] , BLOB [14] , CPN [6] , SPL-P [46] , SPL [46] , U-Net [47] , and GC-ME [48] . AOGM is an index of weighted sum of errors. Number of different types of errors (FN: False negative cells, FP: false positive cells, NS: Under-segmented regions) in the tracking results are listed as well. The best values for each sequence are highlighted.
achieve the globally optimal solution when maximizing the score function of each cell tracker in KTH.
In NFP [5] , cell tracking is treated as a net flow programming problem, and its performance surpass that of KTH compared with our method. The results from Table 3 show that the proposed MFFRT can obtain the competitive tracking performance owing to the rematching process.
In [45] , PSL is proposed based on the tracking-bydetection method, and a segmentation module is utilized to improve the accuracy of detection. However, incorrect segmentations lead to higher detection errors, meanwhile the PSL method fails to eliminate the tracking errors caused by detection errors. In contrast, RFN and RFP algorithms based on historical information can solve the above problem, and the results in Table 3 verify the effectiveness and outstanding performance of our methods.
In [14] , BLOB is proposed to use multiple elliptical filter banks to generate cell proposals, and to find the shortest path in tracking graph to perform cell tracking. But the generated proposals rely heavily on the hand crafted features. Whereas, CPN [6] is designed two networks to select optimal subset of cell and edge proposals for obtaining accurate and robust cell trackers. To be specific, CPN network can propose cell candidate bounding boxes and their scores by bounding box network firstly, and then propose cell segmentation masks for each proposed candidate bounding box by a segmentation network. Therefore, the detection performance of CPN is the best among all algorithms. But even with that advantage, there is no tracking optimization in CPN, by contrast, the tracking performance of MFFRT is also dominant.
SPL [46] is a method by jointing detection and tracking method for cell tracking, and it can solves tracking problem by solving an integer programming problem. Noted that SPL-P refers to the SPL without kernel trick. As shown in Table 3 , some performance indexes of our methods are inferior to those of SPL in GOTW1-1, because there exists a initial segmentation process in SPL and SPL-P. Whereas the limitation of SPL is that the method is only suitable for elliptical cell tracking, due to the fact that ellipse fitting is adopted during the preprocessing, which greatly limits its scope of application.
2) U373 DATASET
The challenging U373 dataset contains 2 training sequences and 2 test sequences that are provide by the ISBI Cell Tracking Challenge. As shown in Table 2 , challenging issue of U373 is large variations in shape of cell from frame to frame. Our methods on this dataset are compared with CPN [6] , U-Net [47] and GC-ME [48] .
In U-Net [47] , an U-shaped fully convolutional neural network is utilized to segment cells and learn cell trackers by linking segmentation in next frame with cell trackers. As shown in Table 3 , the SEG and FN criterion of our methods are lower than that of U-Net in U373-1 dataset. The reason for this is that U-Net can produces very accurate cell masks. However, our methods surpass U-Net in U373-2 dataset, because the U-Net fails to discriminate the emergent cells, whereas our method is able to detect and track this type of cells.
GC-ME [48] is a graph cuts and model evolution based tracking method. This kind of algorithms should construct a mathematical model of cell regions on the current frame in advance, and then the goal of the model is to search the most similar region of the next frame. However, it is very difficult for GC-ME to train a robust network model, especially to the small sample size of training data. Therefore, our method can easily outperform GC-ME owing to the lack of an accurate model for GC-ME.
3) T24 DATASET
To verify the effectiveness of the tracking for real-world cells, a dataset of bladder cancer cells T24 is examined by using the proposed MFFT/MFFRT. The challenging T24 dataset contains 150 frames. As shown in Table 2 , challenging issues of T24 are high density and partial occlusion. It can be seen from Fig. 2 and Table 3 that the proposed MFFRT can achieve a good tracking performance in the real-world cancer cells.
C. DISCUSSIONS
After demonstrating the superiority of MFFT/MFFRT by comparing with many state-of-the-art methods on multiple datasets, the limitations of MFFT/MFFRT are discussed here. Firstly, in this work, BC algorithm is used to evaluate the similarity of two histograms, but the actual cell position on one frame is always somewhat at variance with that on the historical frame, so the SEG value is caused to reduce slightly by using MFFRT. Significantly, if some cells are almost indistinguishable from the background, such as GoTW1-1, it lends to greatly increasing the difficulties of manual labeling, thereby the results of TRA and AOGM are not as good as other datasets. Fortunately, our methods can also obtain the ideal results in other indexes.
VII. CONCLUSION
In this work, a new multi-feature fusion re-tracking (MFFRT) algorithm based on tracking-by-detection is proposed for multiple cells tracking, and the proposed method can improve the representative of the cell feature description. The proposed MFFRT method can not only improve the tracking accuracy by rematching undetected cells to reduce the number of FN and FP, but also make full use of the historical information of cells to reduce the tracking errors caused by detecting errors in tracking-by-detection algorithms. A series of comparison experiments are implemented by adopting various methods in various datasets, and the results show that the proposed MFFRT method can achieve a better comprehensive performance than other state-of-the-art methods on fluorescence and phase contrast microscopy datasets, and it can be applied to sequences of real-world cancer cells like bladder cancer cells, and it means there are probably potential applications in the field of biomedical engineering.
The limitation of the tracking-by-detection methods is that the tracking performance depends heavily on detection results. As future research, we plan to improve detection performance by combining some semantic segmentation method. For example, we can add instance segmentation framework of Mask R-CNN [49] after getting mask labels to improve the quality of proposals. 
